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Abstract

As AI systems grow more capable, it becomes increasingly
important that their decisions remain understandable and
aligned with human expectations. A key challenge is the
limited interpretability of deep learning models. Post-hoc
methods like GradCAM offer heatmaps but provide limited
conceptual insight, while prototype-based approaches offer
example-based explanations yet often rely on rigid region
selection and lack semantic consistency. To address these
limitations, we introduce PCMNet, a part-prototypical con-
cept mining network that learns human-comprehensible pro-
totypes from semantically meaningful image regions without
additional supervision. By clustering these prototypes into
coherent concept groups and extracting concept activation
vectors, PCMNet provides structured, concept-level explana-
tions and enhances robustness to occlusion and challenging
conditions, which are both critical for building reliable and
aligned AI systems. Experiments on multiple image classifi-
cation benchmarks show that PCMNet outperforms state-of-
the-art methods in interpretability, stability, and robustness.
This work contributes to AI alignment by enhancing trans-
parency, controllability, and trustworthiness in AI systems.

Code — https://github.com/alehdaghi/PCMNet
Extended version — https://arxiv.org/pdf/2504.12197

Introduction
Deep learning (DL) has advanced computer vision, enabling
models to achieve remarkable performance across a wide
range of tasks, including object detection and image classifi-
cation (Chai et al. 2021). However, despite this success, DL
models often operate as black boxes, and their lack of trans-
parency has raised critical concerns regarding interpretabil-
ity and reliability. This issue becomes even more significant
in areas such as healthcare (Fellous et al. 2019), self-driving
cars (Kim and Joe 2022), and security systems (Chen et al.
2019; Nauta et al. 2023), where accurate predictions alone
are insufficient; it is crucial to understand the reasoning
behind them. In these situations, explainability is essential
for building trust, diagnosing failures, and ensuring compli-
ance with regulatory and ethical requirements (Markus et al.
2021). Consequently, there is growing interest in developing
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DL models that not only perform well but also provide in-
terpretable and human-understandable explanations for their
decisions (Saranya et al. 2023; Vilone et al. 2020).

Common post-hoc explainability methods, such as Grad-
CAM (Chakraborty et al. 2022) and ScoreCAM (Wang et al.
2020), aim to explain a model’s decision by identifying
which parts of the input image had the most influence on
the output. These methods analyze gradients or activations
of trained models to identify salient regions of the input.
An example is shown in Fig. 1 (a). Unlike these reverse-
engineering approaches, ante-hoc methods are designed to
make the model explainable from the outset. They guide
the model to produce either global (He et al. 2025; Dreyer
et al. 2024; Jiang et al. 2025) or local (Nauta et al. 2023;
Ayoobi et al. 2025; Nauta et al. 2021; Zhu et al. 2024) in-
terpretable parts that help explain its decisions. This idea is
inspired by the recognition-by-components theory (Bieder-
man 1987), which suggests that humans understand objects
by decomposing them into meaningful parts or concepts.

Some methods, such as ProtoPNet (Chen et al. 2019) and
PIPNet (Nauta et al. 2023), illustrated in Fig. 1 (b), divide
the spatial deep features (prior to the final pooling layer)
into fixed, small patches and learn a set of prototypes from
these regions. These prototypes, activated by specific input
patches, serve as interpretable visual features that support
the model’s decision. This also enables users to compare
similar semantic concepts across different images, enhanc-
ing transparency and trust in the model’s reasoning capacity.

However, these methods have notable limitations. Fixed
patch sizes result in unstable prototype activation, particu-
larly for larger semantic regions, where the patches fail to
capture coherent or meaningful visual concepts. Conversely,
very small patches lack sufficient contextual information,
limiting their ability to represent interpretable or semanti-
cally rich components. Furthermore, discriminative and in-
terpretable visual concepts often require larger regions to be
represented clearly. When the model uses only small, fixed
patches, it may fail to capture the full meaning of these con-
cepts. This can lead to repetitive or shallow explanations, as
seen in the bottom two rows of Fig. 1 (b), where similar pat-
terns appear multiple times. To address this, the regions used
for prototypes should not be fixed. Instead, they should be
adjustable and learned during training, allowing the model
to focus on more meaningful and diverse parts of the image.
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Figure 1: Explanation methods. (a) Post-hoc methods see the feature backbones as black-box models, and try to locate image
regions activated by the most important features. (b) Ante-hoc (Patch-based) methods decompose the input into image patches
and explain the decision using components derived with patches. (c) PCMNet, in contrast, mines both prototypical and non-
prototypical concepts, offering a broader and more interpretable set of regions to explain model decisions.

One possible direction is to discover meaningful regions
using unsupervised part-based or slot-based mechanisms.
However, direct application of naı̈ve part-discovery methods
(van der Klis et al. 2023) or slot attention techniques (Monet
et al. 2021; Locatello et al. 2020) often fails to produce se-
mantically meaningful and interpretable components. These
approaches typically aim to group similar visual parts across
instances, but do not enforce conceptual consistency, result-
ing in ambiguous or fragmented representations (Rymar-
czyk et al. 2021). Moreover, Slot Attention-based features
often lack explicit prototypical structures, making it difficult
to associate them with clear and intuitive explanations (Li
et al. 2021). As a result, the learned prototypes tend to lack
diversity and interpretability, limiting the model ability to
generate meaningful justifications for its predictions.

To address these limitations, we propose the Part-
Prototypical Concept Mining Network (PCMNet), an inter-
pretable image classifier that explains its predictions by ex-
tracting meaningful, part-based prototypical concepts1 from
selected image regions. PCMNet first identifies relationships
between semantically related prototypes across different in-
stances, even across class boundaries, and then derives a set
of primitive class-discriminative concepts to form the basis
for the model decision-making process.

In the first stage, PCMNet employs an unsupervised
part-discovery module that learns prototypes through a
novel center-clustering loss. In the second stage, deep fea-
tures are encoded into a sparse Concept Activation Vector
(CAV) (Kim et al. 2018), which provides a spatially and
semantically interpretable representation of the model’s de-
cision. Each concept activation is computed as the cosine
similarity between part features and class-aware prototype
centroids. To ensure both conceptual simplicity and class-

1We define part-prototypes as localized visual regions that
commonly appear across inputs (e.g., light of a car), while the term
concept describes a specific attribute or variation of that part (e.g.,
rectangular or circular shapes of the car light).

specific relevance, PCMNet applies a clustering algorithm
to the part features associated with each prototype and ab-
stracts each cluster into a representative concept vector. The
Concept Activation Vector (CAV) produced by PCMNet is
inherently interpretable, as it is generated through a sparse,
non-negative linear transformation that ensures all concept
scores are positive. As illustrated in Fig. 1 (c), PCMNet ac-
tivates concepts such as “lofty fenders,” “shiny metal grille,”
and “square-shaped lights” to support its prediction that the
vehicle is a Dodge Durango, thereby providing a clear and
meaningful explanation of the model’s reasoning.

The contributions of this paper are summarized as fol-
lows. (1) We propose a part-prototypical concept mining net-
work (PCMNet) that jointly learns adaptive semantic regions
and class-discriminative prototypes for interpretable image
classification. (2) A contrastive prototype learning mecha-
nism is introduced that extracts semantically coherent con-
cepts from adaptively sized image regions rather than fixed
patches. (3) We develop a two-level clustering approach with
pixel-level part discovery and feature-level concept forma-
tion. (4) PCMNet outperforms ProtoPNet and PIPNet in oc-
clusion robustness (+7.2% accuracy at 30% occlusion) and
explainability across multiple datasets.

Related Work
(a) Post-Hoc or Heatmap-Based Explanation. Heatmap-
based explainability methods are a widely used family of
post-hoc techniques that visualize which parts of an in-
put image contribute most to a model’s decision. These
techniques, often referred to as attribution methods, as-
sign importance scores to different image regions to high-
light influential features. Gradient-based methods, such as
GradCAM (Selvaraju et al. 2017) and ScoreCAM (Wang
et al. 2020), generate heatmaps by backpropagating gradi-
ents concerning input features, revealing class-specific acti-
vation regions. While GradCAM produces class-dependent
heatmaps, other methods like FullGrad (Srinivas and Fleuret
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2019) are class-agnostic, providing a more general view of
model behavior across different outputs. Despite their pop-
ularity, gradient-based methods suffer from high sensitiv-
ity to noise, which can lead to unreliable and inconsistent
heatmaps. To mitigate this, gradient-free CAM techniques,
such as ScoreCAM, have been proposed to generate more
stable and interpretable explanation maps.

Beyond gradient-based methods, attribution propagation
approaches offer an alternative way to decompose model
predictions into layer-wise relevance scores. Techniques
such as Layer-wise Relevance Propagation (LRP) (Bach
et al. 2015) or KD-FMV (Jiang et al. 2025) recursively dis-
tribute relevance through the network, providing a structured
breakdown of model decisions. While initially designed
for convolutional neural networks (CNNs), recent adapta-
tions have extended these methods to vision transformers
(ViTs) (Chefer et al. 2021), using their self-attention mech-
anisms for improved interpretability. However, despite their
effectiveness in highlighting important image regions, both
gradient-based and attribution propagation methods remain
fundamentally limited in providing high-level, human inter-
pretable concepts. Unlike our PCMNet, which explains de-
cisions through part-based prototypes, heatmap-based meth-
ods do not inherently capture semantic relationships be-
tween features, making them less suitable for interpretable
concept-based explanations.
(b) Concept-Based Explanation. Concept-based XAI
methods (Dreyer et al. 2024; Chen et al. 2019; Rymarczyk
et al. 2021; Bach et al. 2015; He et al. 2025) analyze the
role of latent representations in specific layers of a deep
neural network to explore concepts from input images and
find Concept Activation Vectors (CAVs) (Kim et al. 2018)
for the made decision. Early XAI research primarily fo-
cused on understanding how these concepts contribute to
global decision-making, identifying the most relevant con-
cepts for a given output class (Dreyer et al. 2024; Bach et al.
2015). Some approaches enhance model interpretability by
employing local feature attribution techniques to localize
and quantify the importance of concepts for individual pre-
dictions, thereby enabling concept-based explanations at the
instance level (Nauta et al. 2023, 2021; Ayoobi et al. 2025).
While these methods provide faithful explanations aligned
with the model’s internal reasoning, they are vulnerable to
performance degradation under occlusion, as their extracted
concepts often rely on limited and highly localized discrimi-
native regions of the input. PCMNet addresses this limitation
by wider range of part-based prototypical concept reasoning
to rely on other discriminative parts that are not occluded.

Recently, Concept Bottleneck Models (CBMs) has
emerged as a research avenue for inherently interpretable
approaches that predict intermediate human-understandable
concepts before class prediction (Xie et al. 2025; Yuksek-
gonul, Wang, and Zou 2023; Rao et al. 2024; He et al. 2025).
Unlike patch- or part-prototype models, CBMs explicitly
separate the reasoning process into concept prediction and
concept-to-label mapping, allowing direct human interven-
tion on the concept layer. However, their reliance on anno-
tated concepts limits scalability, and the fidelity of the bottle-
neck depends on concept quality. Recent methods, including

post-hoc CBMs (He et al. 2025; Xie et al. 2025) and vision-
to-concept tokenizers that learn visual concept vocabularies
without text supervision—aim to bridge this gap by enabling
scalable and more interpretable reasoning.

Prototypical Concept Mining Network
To explain classification decisions over a training set T =
(x1, y1), ..., (xN , yN ) ⊂ X × Y with L classes, PCMNet
extracts sparse and primitive concepts that are both activated
and discriminative for object recognition. These concepts
are captured through a compact set of prototypes that re-
cur across images in the dataset (e.g., lights, fenders, and
grilles for cars; heads and wings for birds). The model out-
puts a class-based Concept Activation Vector (CAV) zi =
[zi1; . . . ; z

i
K ], where ; denotes concatenation and each zp

represents the activated concepts from part p.
Fig. 2 shows the overall overview of PCMNet, which

transforms features extracted from the backbone into ex-
plainable and interpretable concepts in three steps. Step 1:
PCMNet identifies semantically meaningful and indepen-
dent regions from input images in an unsupervised manner
by minimizing the Marginal Cluster Center loss (Lmcc). This
process learns part-prototype features f ip that are informative
for class discrimination. Step 2: Once part-level features are
obtained, the Concept Mining Module (CMM) aggregates
these features across all instances of each class to discover a
set of shared elementary visual patterns. Cluster centers de-
rived from this process form the list C, representing the core
prototypical concepts. Step 3: For each input, a Concept Ac-
tivation Vector (CAV) zi is computed by measuring the simi-
larity between its extracted part features and the concept list
C. These CAVs are used both for classification and for ex-
plaining the model’s decision. To preserve class-specific but
non-shared discriminative cues, PCMNet also incorporates
features outside the prototypical regions into the CAVs.

Step 1: Part-Prototype Discovery
Our model is shown in Fig. 2. The input images are given to
a backbone to extract the 3D deep features as F i ∈ RD×w×h

where D is the channel size and w, h denote the width and
height. Based on extracted deep features F i, our model finds
semantically independent meaningful regions that can be
shared in different inputs. We name them “part-prototype”.
For determining regions, the model scores each pixel in F i

to specify their belongingness to each part-prototype class.
The mapping score for each pixel (a) is represented by
M i

p(a), we have
∑K+1

p=1 M i
p(a) = 1. The spatial feature for

each part, F i
p, is computed by element-wise multiplication

of M i
p to F i. Then part features, f ip is computed as:

f ip = GP(conv(F i
p)) ∈ Rdf , (1)

where GP is the global average pooling and df is the di-
mension of features. The last index (K+1) is used to cover
the background or non-part regions of the foreground (Ale-
hdaghi et al. 2025). We name these features non-prototypical
concepts that are computed as:

gi = MP(conv(F i
K+1)) ∈ Rdf , (2)
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(a) PCMNet (b) CMM
Figure 2: (a) Overall architecture of PCMNet. In the first stage, part prototypes are learned from spatial features extracted by the
backbone. In the second stage, prototypes are clustered within each class to identify frequently occurring concepts. The center
of these clusters is computed as concept prototypes, and the distance between part prototypes and concept clusters determines
the activated concepts for the model’s decision-making. This approach enables interpretable and concept-driven classification.
(b) Concept Mining Module. First, a part centroid list is generated by applying DBSCAN (Ester et al. 1996) clustering within
each class and computing the centers of the resulting clusters. These centroids serve as frequently occurring concept prototypes.
Next, to activate the most relevant concept for a given part feature, the similarity (inverse distance) to the centroids is measured.
These values are then used as CAVs to inform the model’s decision-making.

where MP is the max-pooling. We use the PDiscoNet
(van der Klis et al. 2023) model for extracting parts features.
Our part loss comprises their final part-discovery loss (Lpd)
without their orthogonal component and with our marginal
cluster center loss (Lmcc):

Lpart = Lbl + αLmcc. (3)
where α is a parameter regularizing the effect of Lmcc. The
goal of Lmcc is to ensure that each selected region is consis-
tent across inputs and captures semantically similar content,
while remaining class-discriminative and identity-aware.

Marginal Cluster Center Loss To ensure part-prototypes
are both distinct and semantically meaningful, we encour-
age separation in the feature space while guiding part-level
features to align with their corresponding prototypes. To
handle intra-part variation across classes, we apply a soft-
margin loss that allows features from the same part (but dif-
ferent classes) to stay within a bounded distance of their
prototype. This encourages the model to discover consistent,
class-aware part structures while preserving inter-class sep-
aration between prototypes. The loss can be written as

Lmcc=
K∑

p=1

[|f ip − cp|−m1]⋆+
1

K

K∑
q ̸=p

[m2−|cp − cq|]⋆

 ,

(4)
where cp is a learnable prototype and [·]⋆ is max(·, 0).

Step 2: Part-Centroid List Generation
In Step 1, the backbone learns to extract meaningful part-
level features that support the classification task. To discover
compact and consistent class-specific concepts, we collect
all part features from the training set. Specifically, for each

class j and part p, we construct Bj
p = {f ip | yi = j} ∈

RNj×df , where Nj is the number of training samples from
class j. To identify semantically coherent patterns, we ap-
ply the clustering algorithm separately to each Bj

p, yielding
T j
p ∈ NNj , which assigns cluster labels to the part features.

We then compute the centroid of each cluster l (representing
a visual concept) as:

C(l, p, j) = mean({Bj
p[T

j
p = l]}) ∈ Rdf . (5)

The total number of discovered concepts across all classes
and parts is computed as dc =

∑L
j=1

∑K
p=1 max(T j

p ). This
process, shown in the top of Fig. 2b, allows the model to
build a compact and expressive vocabulary of class-specific,
part-aware visual concepts.

Step 3: Concept Activation Mining
Once the centroid list is generated, each concept’s activa-
tion value is defined by the similarity of extracted features
to each centroid:

zi = {S(C(l, p, j), f ip) ∀p ∈ {1..K} and j ∈ {1..L}}, (6)

where zi ∈ Rdc ans S is cosine distance. We aim to ex-
plain each output class of our model using a small set of
interpretable concepts. We, therefore, train a sparse classi-
fier on top of zi to obtain the final classification scores oi =
WT

1 zi+WT
2 gi+b and the predicted class ŷi = argmax(oi).

Here, W1 ∈ Rdc×L, W2 ∈ Rdf×L and b ∈ RL denote
the classification weights and bias term, respectively. This
sparse layer is trained with the following sparse classifica-
tion loss (Wong, Santurkar, and Madry 2021):

Lcl = Lce(W
T
1 zi +WT

2 gi + b, yi) + λR(W1), (7)
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where Lce is the cross-entropy loss, yi is the label, λ is
the sparsity regularization strength and R(W ) = (1 −
γ) 12∥W∥F + γ∥W∥1, here ∥W∥F is the Forbenius norm
and ∥W∥1 denotes the element-wise matrix.

Overall Training
We jointly optimize the network in an end-to-end manner:

L = Lpart + βLcl, (8)

where β is hyperparameter. We set β = 0 during initial train-
ing and β = 2 after learning part-prototypical concepts.

Results and Discussion
Implementation Details
PCMNet is evaluated on two standard prototype-learning
benchmarks: Stanford Cars (Krause et al. 2013) (196 car
classes) and CUB-200-2011 (Wah et al. 2011) (200 bird
species). We use a pretrained ResNet50 as the backbone.
Each training batch (32 images) is resized to 488×488 with
random cropping and padding. Optimization is performed
using Adam (Kingma and Ba 2014). Regularization param-
eters λ and γ follow (Oikarinen et al. 2023); we set α = 1.5,
β = 2, with margins m1 = 0.3 and m2 = 1.5 based on
hyperparameter tuning analysis in the extended version (Ap-
pendix A) alongside additional implementation details.
End-to-End Multi-Stage Training: PCMNet modules (part
discovery, concept clustering, and concept activation) are
trained end-to-end in a unified pipeline over 40 epochs:
- Step 1 (initial epochs): The part discovery module is op-
timized to localize semantically meaningful part features.
This stage continues until convergence of Lpart.
- Step 2 (intermediate epochs): Concept clustering runs in-
termittently (every 5 epochs) to reduce computation while
keeping centroids up to date with changing representations.
- Step 3 (final epochs): The Concept Activation Mining
Module (CMM) is trained alongside the backbone, using the
updated centroids from Stage 2 to align activated features
with discriminative concept prototypes. At inference, PCM-
Net behaves as a standard forward-pass classifier.

Explainability Metrics
To evaluate explainability, we use established metrics from
(Dreyer et al. 2024), with minor adjustments.
(a) Faithfulness: Faithfulness (Dasgupta et al. 2022; Chan
et al. 2022) evaluates how much the activated concepts influ-
ence the model’s final prediction, serving as a key metric for
assessing the quality of explanations. One widely used ap-
proach for measuring faithfulness is concept deletion, which
involves removing selected concepts from the model’s rea-
soning process and observing the resulting change in output
confidence. Prior works, such as (Dreyer et al. 2024), typ-
ically assess this by removing only the single most impor-
tant concept. However, this limited scope fails to capture the
broader contribution of other activated concepts and may not
reveal the full extent of their impact. To provide a more com-
prehensive assessment, we extend this approach by succes-
sively removing the top-k most activated concepts and mea-
suring the resulting drop in model confidence. A larger drop

indicates higher faithfulness, as it suggests that the removed
concepts were indeed critical to the model’s decision. This
extended evaluation allows us to better quantify how much
the explanation aligns with the model’s internal reasoning.
(b) Stability: The extracted concepts from input images that
share some semantic concepts must be stable and explain-
able for unseen images. To evaluate stability, we compute
CAVs on k-fold subsets of the data (k = 10 as default) simi-
lar to (Dreyer et al. 2024) for all classes at steps 2 and 3. We
then map CAVs together using a Hungarian loss function
and measure the cosine similarity between them.
(c) Consistency: Activated concepts from images with the
same class should be similar to be consistent and explain the
model’s decision. To measure this consistency, we extract
the CAV from images and then measure the cosine similar-
ity between them. The mean cosine similarity is assessed be-
tween images from the same class and between images from
different classes. The ratio between inter/intra-class similar-
ity should be high for a stable explanation.
(d) Sparseness: The sparseness metric essentially describes
the uniformity of the concept activation, where having some
concepts activate more than others is considered easier to
interpret. This is because a uniform distribution of concept
activations would provide little information on the impor-
tance of specific concepts or parts of the images, i.e., a high
entropy in the generated concepts.

Comparison to Prototype xAI Methods
To evaluate PCMNet, we report classification accuracy and
XAI metrics, and compare them with other ante-hoc meth-
ods (ProtoPNet(Chen et al. 2019), PIPNet(Nauta et al.
2023), ProtoViT (Ma et al. 2024) and MCPNet (Wang,
Wang, and Chiu 2024)) in Table 1. The consistency metric is
reported in two forms: Intra and Inter, measuring the cosine
similarity between activated concepts within the same class
and across different classes, respectively. Faithfulness is re-
ported as F(n), measuring accuracy drops when the top n
important concepts are removed from the decision. To com-
pute the contribution of each concept to the final decision,
we compute a weighted score as the product of its raw value
and its corresponding classification weight.

Ablation Studies
(a) Effect of Number of Concept Center centroids (dc):
The size of the concept list (dc) determines the semantic res-
olution of PCMNet and is influenced by both the number of
parts and the number of training classes. As the number of
parts (K) increases, so does the total number of extracted
centroids. We analyze this dependency further in Appendix
B. While richer concept sets can improve interpretability,
they also increase memory and computational cost.

To manage this, we apply a post-clustering refinement
step that merges similar centroids within or across classes
using hierarchical clustering (Murtagh and Legendre 2011).
Table 2 reports the effect of varying the merging level and
threshold—defined as a percentage of the maximum inter-
centroid distance—on the Cars dataset. We find that moder-
ate merging (e.g., Level 1 with 10% threshold) significantly
reduces dc with minimal impact on classification accuracy or
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Method Consistency (Intra) ↑ Consistency (Inter) ↓ F(1)-F(5) ↑ Sp ↑ Stability C Acc ↑
C

ar
s-

19
6

Baseline 83.45 ± 2.7 27.26 ± 28.10 1.54 - 6.61 22.74 65.4 84.1
ProtoPNet 45.70 ± 4.9 11.22±5.5 9.3-80.12 60.92 69.6 84.5
PiPNet 42.40±17.5 17.4±2.4 9.43 - 93.15 63.19 60.8 86.46
ProtoViT 38.08±8.1 18.91±1.8 11.74 - 75.66 51.23 57.3 91.84
MCPNet 48.91±14.6 9.17±3.2 14.78 - 88.02 60.42 64.26 80.15
PCMNet (Ours) 57.84±3.1 2.97 ± 1.37 59.33 - 91.73 57.45 71.5 90.15

C
U

B
-2

00

Resnet50 57.38 ± 3.50 25.45 ± 23.82 2.43 - 5.73 24.14 60.3 81.2
ProtoPNet 51.47 ± 5.8 10.16±9.2 9.36-75.50 79.51 63.6 81.45
PiPNet 42.28±3.2 15.57±15.7 9.40 - 89.77 77.83 65.9 82.0
ProtoViT 51.76±3.8 13.60±12.5 14.22 - 58.98 54.93 56.4 85.3
MCPNet 52.94±5.9 8.11±5.0 24.60 - 67.30 50.33 58.4 80.1
PCMNet (Ours) 57.37±3.4 3.37 ± 4.2 54.34 - 89.84 58.67 68.5 85.1

Table 1: Performance of PCMNet and state-of-the-art methods on the Stanford Cars and Birds datasets according to xAI metrics.

faithfulness (F(3)). However, excessive merging (e.g., Level
3 at 10%) leads to performance degradation, suggesting the
importance of controlled prototype compression.

(b) Effect of Modules: To assess the impact of PCMNet
components, we conduct an ablation study on the baseline
PDiscoNet model without concept learning. The effect of
using different types of concept vectors—prototypical and
non-prototypical—is examined in Appendix B. Table 3 re-
ports classification accuracy (Acc) and faithfulness (F(3))
on the Cars and Birds datasets. Adding the Marginal clus-
tering center (MCC) loss improves accuracy and doubles
faithfulness, highlighting the benefits of enforcing cluster-
level consistency. Incorporating the Concept Mining Mod-
ule (CMM) yields a major boost in faithfulness (from 4.9%
to 55.3% on Birds), with minimal cost to accuracy. Combin-
ing both modules yields the best overall performance: 90.2%
accuracy and 67.4% faithfulness on Cars, with only +0.4M
parameters and +0.3G FLOPs. Compared to recent inter-
pretable baselines like PipPNet, ProtoPNet, ProtoViT, and
MCPNet, PCMNet achieves a better balance between ac-
curacy, faithfulness, and efficiency, especially outperform-
ing ProtoViT in F(3) (+22.8%) and requiring fewer FLOPs
(17.4G vs. 24.8G). This confirms the complementary value
of MCC and CMM in delivering interpretable and efficient
visual recognition. The trade-off information is discussed in
Appendix A of the extended version.

Threshold (%) Level dc C Acc (%) F(3) (%)

0%
1 3092 90.2 67.4
2 2473 85.7 65.7
3 698 84.4 66.5

5%
1 2862 89.5 66.5
2 1805 83.6 66.2
3 645 80.5 65.7

10%
1 1657 86.2 67.9
2 1263 82.7 66.9
3 454 74.7 65.1

Table 2: Impact of hierarchical clustering thresholds and lev-
els on the number of concepts (dc), accuracy, and faithful-
ness (F(3)) on the Cars dataset. Thresholds expressed the
percentage of the maximum pairwise centroid distance.

Settings Cars Birds #Params FLOPsAcc F(3) Acc F(3)
Baseline 81.2 5.4 82.3 4.9 27.1M 17.1G
Baseline + MCC 87.8 9.2 84.9 8.9 27.2M 17.1G
Baseline + CMM 85.8 58.6 82.5 55.3 27.4M 17.4G
PCMNet (Full) 90.2 67.4 85.1 64.9 27.5M 17.4G
PiPNet 86.4 62.7 82.0 58.6 25.1M 27.6G
ProtoPNet 84.5 38.6 81.4 31.7 28.9M 18.4G
ProtoViT 91.8 44.6 85.1 36.7 22.1M 24.8G
MCPNet 80.1 64.0 80.1 39.3 24.6M 17.4G

Table 3: Classification accuracy and faithfulness using dif-
ferent PCMNet modules.

Robustness to Occlusion

To evaluate PCMNet robustness under occlusion, we con-
ducted controlled experiments by masking regions linked to
the most activated concepts and re-evaluating the modified
images with the model. This experiment aims to assess the
stability of model predictions when key interpretable regions
are removed. Specifically, we identify the center of the most
activated concept—based on the model’s response to clean
images—using the concept representation (patch for PIPNet
and ProtoPNet, mask for PCMNet), and then occlude a rect-
angular region centered around this point. We consider three
levels of occlusion, masking 10%, 20%, and 30% of the im-
age area. PCMNet’s performance under these conditions is
compared against two other interpretable baselines: ProtoP-
Net (Chen et al. 2019) and PIPNet (Nauta et al. 2023).

(a) Accuracy. (b) Faithfulness F(3)

Figure 3: Classification accuracy and faithfulness for a
growing level of occlusion.
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Fig. 3 (a) shows that PCMNet degrades more gradually
under occlusion compared to ProtoPNet and PIPNet. This
robustness comes from PCMNet’s semantically rich and di-
verse part concepts, which capture complementary aspects
of the object. Also, activated concepts from PCMNet pre-
serve the faithfulness since they are extracted from not oc-
cluded regions as shown in Fig. 3 (b) and buttom of Fig.
4. By describing class-discriminative features from multiple
perspectives, PCMNet enables more reliable predictions. In
contrast, patch-based models depend heavily on fixed, local-
ized cues and thus exhibit sharper performance drops.

Figure 4: Visualizations of activated concept on test samples
with matching training samples for Stanford Cars and CUB.

Qualitative Results
To further illustrate the interpretability and robustness of
PCMNet, we compare the activated concepts of our method
with PIPNet under clean and occluded conditions, as visu-
alized in Fig. 4. For each method, we select two activated
concepts on test images and retrieve training set examples
with the highest activation values for those concepts. This
comparison shows several key advantages of PCMNet:
Broader Concept Coverage: PCMNet extracts more diverse
and semantically rich concepts compared to PIPNet. It lever-
ages attention-based masks instead of fixed patches to cap-
ture part-level semantics over a broader spatial context, lead-
ing to more varied and interpretable regions across different
object parts and improving explanation quality.
Robustness to Occlusion: As shown at the bottom of Fig. 4,
under occlusion, PIPNet often fails to highlight meaningful
regions due to its reliance on limited regions. In contrast,
PCMNet maintains interpretability by activating alternative,
unoccluded parts that belong to the same or related concepts.
This demonstrates the model’s ability to generalize concept
reasoning even when certain visual cues are missing. To
better understand the behavior of the learned prototypes in

Figure 5: t-SNE visualization of concept-level part features
extracted by PCMNet. Colors represent different prototypes,
while shapes indicate object classes.

PCMNet, we visualize the extracted part-level features us-
ing t-SNE (van der Maaten and Hinton 2008), as shown in
Fig. 5. Each point corresponds to a feature from a local-
ized part, colors indicating the prototype (i.e. concept) and
marker shapes denoting the object class. This visualization
represents several insights:
Disentanglement of Prototypes: Features assigned to differ-
ent prototypes form well-separated clusters, indicating that
PCMNet effectively disentangles part-based concepts. This
shows that the Marginal Clustering Center loss and CMM
promote diverse, semantically distinct parts, enhancing in-
terpretability and occlusion robustness.
Multi-Class Concept Coverage: Many prototype clusters
contain the same semantic parts from multiple object
classes. This indicates PCMNet learns class-agnostic con-
cepts such as lights, wheels, or windows, which are shared
across different categories. Such generalization is crucial for
explainability, as it facilitates human-aligned, semantically
meaningful concepts that transcend dataset labels.
Intra-Class Concept Diversity: Interestingly, features from
the same class are distributed across multiple prototype
clusters. This highlights PCMNet’s ability to capture intra-
class variation through multiple part-based concepts. For
instance, different views or structural variations of a car
class may be assigned to distinct concepts (Backlight vs
headlight), further enhancing the model’s fine-grained inter-
pretability based on human perception and explanation.

Conclusion
We presented PCMNet, a novel framework designed to
bridge the gap between accuracy and interpretability in deep
learning models. By mining part-prototypes from dynamic
image regions, PCMNet improves upon existing patch-based
prototype models by ensuring semantic coherence across
instances. Our results show that PCMNet enhances faith-
fulness, concept stability, and explainability, outperform-
ing existing interpretable models. Moreover, our occlusion-
based robustness analysis confirmed that PCMNet remains
stable under missing or distorted input regions, demon-
strating its reliability in real-world scenarios. Unlike con-
ventional post-hoc explainability methods, PCMNet allows
for more human-aligned, concept-based reasoning, making
deep learning decisions more transparent and interpretable.
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